A criticism of purchase-based brand loyalty measures is that they are confounded by the marketing mix variables that affect brand choice. This paper investigates the magnitude and direction of the associations for share of category requirements (SCR), defined as each brand's share among the group of households who bought the brand at least once during the time period under consideration.
Introduction
The measurement of brand loyalty has been a much-discussed topic in marketing for several decades. Interest in this topic has been aided by the growth of scanner panel data and the concomitant increase in the number and variety of loyalty measures that are derived from the purchasing behavior of households. Several researchers (for example, Lattin, 1990; Little and Anderson, 1994; Ortmeyer, Lattin, and Montgomery, 1991; Russell, 1994; Srinivasan and Kibarian, 1989) have highlighted the shortcomings of loyalty measures that are based solely on purchase histories. The most common criticism is that such measures are impacted by the effects that marketing mix inducements (such as price and promotional activities) may have had on households' brand choices. The spirit of the argument is conveyed by Allenby and Rossi (1991) , who comment that "traditional loyalty measures based on purchase incidence alone do not consider the possibility that a household might appear to be very 'loyal' simply because the brand was frequently on sale in the first half of the data" (p, 192) .
From a managerial standpoint, the relationship between the marketing mix and brand loyalty is extremely relevant. If currently used loyalty measures reflect the impact of marketing mix variables, there may be a need to develop purified measures and also to caution managers about interpreting the observed loyalty levels of their brands. If, on the other hand, the impact of marketing mix is only slight, managers should be able to use existing measures with greater confidence. Hence, it is important to conduct an investigation across a large number of brands and product categories to understand whether and how the marketing mix variables are related to a loyalty measure that is used regularly in actual practice.
What do practicing managers and researchers use as a measure of brand loyalty? Since the earliest diary panels were introduced, the notion of "share of category requirements" has been the most common loyalty measure used by most major market researchers. Simply stated, share of category requirements (SCR) measures each brand's market share among the group of households that bought the brand at least once during the time period under consideration. The largest vendors of syndicated panel data-Information Resources, Inc. and Nielsen Marketing Research-regularly report SCR estimates for most of the brands covered in their extensive databases. Although it may be called by different names,' SCR is typically the only measure of brand loyalty that most marketing managers see on a regular basis (Hume, 1992) . Furthermore, there is little doubt that, because of the difficulties of changing production systems and reeducating large user bases, SCR will continue to be the primary loyalty measure used in practice for the foreseeable future.
Our objective in this paper, therefore, is to conduct an investigation of both the magnitude and direction in which SCR relates to three managerially controllable variables (price, promotion, and distribution). Our goal is not to test whether or not loyalty levels have actually been eroding over time (see Johnson, 1984 Johnson, , 1991 but to examine brand-level data across a large number of categories and brands in order to comprehend the degree of association between SCR and different marketing activities.
We proceed as follows. We first introduce SCR very briefly? Next we investigate how SCR may be related to a standard set of marketing mix variables: we review the foundations for these different relationships and then examine them empirically using a latent structure regression model and an extensive cross-category database @I's Marketing Factbook) . Finally, we examine the parameter estimates from this regression model and conduct additional analyses to uncover the extent and manner in which SCR is related to the marketing mix and discuss some implications of our results.
Share of Category Requirements
SCR is generally reported strictly at an aggregate level, but it can be expressed as the weighted average of a collection of household-level measures, where each is simply the choice share of each brand:
7 where SCR,, (2") = household h's share of category requirements for brand i during time period T (which often refers to a month, a quarter, or a year), qhi(t) = quantity of brand i purchased by household h on purchase occasion t (where t is an index of all purchase occasions during time period I'), and j = index for all brands in the category.
Several academic researchers have used household-level loyalty measures similar to equation (1)) often referring to them by names other than "share of category requirements." In some cases, researchers ignore the purchase quantity, and replace qhi(t) with a simple O/l variable indicating whether or not brand i was purchased by household h at time t. A well-known application of this type of loyalty variable is found in a paper by Krishnamurthi and Raj (1988) ; it has also been used by other researchers, including Lattin and Bucklin (1989) and Russell and Kamakura (1994) .
To compute the market-level SCR statistic, the household-level choice share measure in equation (1) is aggregated across households by weighting each household by its total purchase quantity: where SCR,(T) = aggregate share of category requirements of brand i during time period T, SCRhj(T) = household-level share of category requirements, defined in (l), Q*(r) = c,, Tzjqhj(t) = total quantity purchased by household h during time period r
The h E i delimiter in the denominator denotes that the sum is only taken across households that have bought brand i at least once in the dataset under consideration. Note that higher levels of SCR may not necessarily connote higher levels of market share or profitability: to take an extreme example, if a brand has one buyer who buys it all the time, the SCR for this brand will be 1.0, but the firm will probably not prosper. Our interest is not in appraising the "goodness" of SCR but rather in understanding the relationship it bears to the marketing mix environment. We discuss these issues in greater detail in the following section.
Expected Associations Between Marketing Mix Variables and SCR
We elaborate on the various ways in which the SCR estimates may be related to four marketing variables : average base price, consumer use of retailpromotions, depth ofpromotional discounts, and breadth of retail availability. We restrict our discussion to the specific definitions of these variables provided in Information Resources' Marketing Factbook and ZnfoScan Supermarket Review, since we use these measures subsequently in our empirical tests.
Average Price
Average price is defined as the average base (unpromoted) price for each brand relative to the other brands in the product category. Given that units of measurement differ across categories, we do not measure it as dollars per item or unit volume but rather as dollars spent per transaction in the category, adjusted for any price promotions. There are reasonable arguments supporting both a positive and a negative relationship between SCR and average price. On the positive side, price is often used as a cue for brand quality (Etgar and Malhotra, 1981) . Higher-priced brands are often perceived by consumers as offering superior quality (see Gabor and Granger, 1966; Monroe, 1973) . Following this logic, consumers who purchase high-priced brands do so because they value the benefits that each brand has to offer and are therefore reluctant to switch to other brands in the category.
On the other hand, consider what happens when a high-priced brand indulges in temporary price reductions. It is well-documented that price-sensitive consumers are willing to purchase the more expensive (presumably higher quality) brand when it falls within their latitude of price acceptance (Allenby and Rossi, 1991; Blattberg and Wisniewski, 1989) . However, since these consumers do not buy the high-priced brand under normal circumstances, its SCR level will be affected adversely: it will suddenly have a larger base of buyers who rarely buy the brand. Given that almost all brands use some amount of temporary price reductions, this line of reasoning suggests that price may be negatively related to SCR. Thus, it is difficult to say whether one of these directional effects will outweigh the other.
Consumer Use of Retail Promotions
This variable measures each brand's percent of total sales purchased by consumers when it is promoted by the retailer, compared to the other brands in the category. Retail promotions include newspaper features, in-store displays, short-term price cuts, and store coupons. There are two ways in which retail promotions can affect SCR. First, these promotions may affect the repeat purchase behavior of existing users of the brand; second, promotions may temporarily attract new customers and thereby increase the total number of triers. In both cases, we intuitively expect to see a negative relationship between the extent to which a brand sells on promotion and its SCR level (see Kahn and Louie, 1990) .
In contrast, some studies suggest that these negative effects may be exaggerated or even nonexistent. For example, Neslin and Shoemaker (1989) suggest that the negative promotion effects described by Dodson, Tybout, and Sternthal(1978) may simply be an artifact from aggregating across panelists with different purchase rates. Moreover, several recent papers have shown no negative promotional effects on brand loyalty (see Davis, Inman, and McAlister, 1992; Ehrenberg, Hammond, and Goodhardt, 1994; Johnson, 1984,199l) . Thus, while intuition seems to suggest a negative relationship between the frequency of consumer purchases on deal and SCR, we cannot be sure whether the relationship is strongly negative or whether it may actually be indistinguishable from zero.
Retail Price Promotion Depth
This variable represents how deeply a brand cuts price when on deal, compared to the average depth of price cut of all the brands in the category. Numerous papers (see Kalwani et al., 1990; Lattin and Bucklin, 1989; Winer, 1986) have proposed that customers form expected or reference prices for brands on the basis of the prices paid or observed during previous purchase occasions. Thus, if a brand indulges in deeper price cuts, it is likely that consumers will have a lower reference price for that brand, which may have a corresponding negative effect on its repeat purchase during nonpromoted times. Similar results are predicted by some of the other psychological theories mentioned in the previous section, such as self-perception theory. There is no evidence or logic that suggests anything but a negative relationship in this case.
Retail Availability
Our measure of distribution is percent all commodity volume (PACV), defined as the percent of total grocery volume sold by stores that stock the brand of interest. All else being equal, we expect to see a positive relationship between PACV and SCR; this is consistent with empirical results dating back to Farley (1964) and echoed in more recent papers such as Fader and Schmittlein (1993) and Farris, Olver, and de Kluyver (1989) . Farris, Olver, and de Kluyver (1989) demonstrate that a brand's market share is a convex function of its retail distribution, increasing at an increasing rate up to 100 percent distribution. Several explanations are offered for this relationship, which may also exist for a sharebased measure of brand loyalty such as SCR. First, widely distributed brands will rarely lose potential sales due to unavailability; loyal buyers will seldom be forced to compromise their preferences at the store shelf. Second, small stores will tend to disproportionately favor popular brands, since retailers recognize that they risk losing business if they fail to stock these brands. Similarly, Fader and Schmittlein (1993) show that observed SCR estimates are regularly inflated for high-share (presumably well-distributed) brands.
In line with the above arguments, we expect distribution to be positively related to brand loyalty (that is, SCR). It is important to note, however, that this logic may not apply to regionally distributed brands. These brands have lower distribution levels (based on our definition) compared to national brands, but because of their ability to cater to regionspecific tastes (and possible high distribution levels in their limited areas), their SCR levels may be comparable to, if not higher than, those of nationally distributed brands.
3.5. Summary Table 1 provides a summary of the variables of interest, the operational measures, and the hypothesized relationships with SCR. Observe that the theory is mixed in terms of predicting the direction of the relationship between two of the four variables and SCR; this further underscores the need for an empirical investigation to assess the extent to which SCR is associated with the marketing mix. We standardize each variable (including SCR) across 
The Data
Most of the data for our empirical analysis are taken from the IRI s 1988 Marketing Fuctbook, which is a compilation of household-level purchasing data from a panel of 35,000 households in twenty-seven different metropolitan markets. The data are projected to provide an aggregate representation of nationwide grocery purchasing. The Marketing Factbook contains purchase information on 348 categories and 7,633 brands during the period January 1988 to December 1988 for four of the variables discussed above: SCR, average price, consumer use of retail promotions, and depth of retail price promotions. To obtain information on percent ACV, we use another IRI publication, the Znfosun Supermarket Review, which provides distribution information on 3,878 brands sold through grocery stores. Unfortunately, there is not a perfect correspondence for brands and categories between the Fuctbook and ZnfiScun. As a result, some nonoverlapping brands and categories were eliminated from the analysis. However, many of these eliminated brands or categories are relatively small: in Section 4.2 we describe several selection criteria that would have screened out many of these entities anyway.
Defining Categories and Brands
The Marketing Fuctbook classifies brands into categories and further classifies certain categories into subcategories. For example, the "disposable food storage bag" category combines together a variety of subcategories, from freezer bags to microwave bags to sandwich bags. Similarly, "ready-to-drink fruit juices" includes subcategories ranging from apple juice to prune juice to grapefruit juice. We believe that the subcategory level is the most appropriate level of aggregation for the analysis to follow: marketers likely formulate their programs in accordance with the actions of other brands within these subcategories, and consumers may be more prone to switch among brands within a particular subcategory rather than the full category. Therefore, for the subdivided categories in our analysis, we implicitly treat IRI's subcategory definitions as categories.
Our model is estimated at the brand level. A brand, in this study, is an aggregation of different package sizes and product forms that share the same brand name. We abide strictly by the brand definitions created by IRI; for example, Coke, Coke Classic, and Diet Coke are distinct brands, but the caffeine-free versions of each are combined together with the regular (caffeinated) versions.
Screening Criteria
To ensure the validity of our results we applied four screening criteria to eliminate inappropriate categories and brands: l Only branded products: Any Factbook or ZnfoScan report that mentions private labels or generics is not referring to any one brand in particular but merely communicates aggregate totals across these different store brands. Therefore, all private labels and generics were eliminated from the analysis.
l Number of brands in the category: As measured by SCR, loyalty is a competitive phenomenon. We only retained categories that had at least three eligible brands.
l Number of purchases per household: The SCR measure is highly volatile when reported for a small number of purchase occasions. We therefore eliminated categories in which the average number of purchases per buyer was under three per year. l Share of overall category volume: Finally, we retained only those categories for which the total market share of eligible brands exceeded 50 percent. This was done to ensure that the brands included in the analysis represent their respective categories fairly well.
As a result of these screens, 1,379 brands belonging to 120 categories were included for analysis. This set accounts for over 40 percent of the total volume of purchases reported in the Factbook. Table 2 presents some key summary statistics of our sample as compared to the population of items in the Factbook.
With the exception of SCR and PROMO, these statistics do not differ greatly from the selected sample to the overall population of brands. The difference in SCR may be due to the fact that we eliminated categories with few competing brands, which would generally have unusually high SCR levels. The remaining differences seem to be an outcome of our effort to eliminate private labels and generics. It makes sense that these items would have lower prices, less frequent promotions, and smaller price cuts than many national brands. Finally, Table 3 contains the correlation matrix for the variables included in the analysis to follow. 
Model Estimation and Results
To simultaneously test the hypotheses discussed above, we estimate the following multipleregression model:
where i refers to each brand in the sample, the variables are as defined in Table 1 , the /3s are parameters to be estimated, and ei is a random error term. We recognize that this model does not capture all of the variables that may affect each brand's SCR; factors such as category and consumer characteristics, advertising, and a variety of possible interaction terms may also play a role in explaining SCR differences across brands. Nevertheless, these are the only suitable measures available from the syndicated sources used to construct our database. Thus, these measures reflect the types of data that managers are most likely to encounter on a regular basis. We have no reason to believe that the omission of certain variables changes any of the principal results we discuss later on. The first column of Table 4 provides the results of this regression analysis. Although the regression model is significant, its R2 is rather low (0.148). While this model may offer some initial insight into the overall relationship between SCR and the independent variables, it cannot accommodate brand by brand (or category by category) differences in the relationships examined here. More realistically, it is likely that the full set of brands is characterized by a wide variety of regression coefficients, which may differ both in magnitude and direction. Our hypotheses and conceptual discussion in Section 3 clearly suggest such potential differences. In order to accommodate potential heterogeneity among this sample of brands, we utilize a latent structure regression framework (see DeSarbo and Cron, 1988; DeSarbo and Wedel, 1995) . This methodology, also known as clusterwise regression, permits the estimation of separate regression coefficients for one or more (unknown) clusters of brands. For a desired configuration consisting of K clusters, this model simultaneously estimates K sets of regression coefficients as well as K mixing proportions (X,) that indicate the relative sizes of each cluster, and K variance terms (0:) that convey the squared standard error associated with each cluster's regression equation. (When K = 1, the model is identical to the OLS regression mentioned earlier). DeSarbo and Cron (1988) provide an iterative E-M framework that renders estimates for these parameters; we refer the reader to that paper for further details. DeSarbo and Cron (1988) also demonstrate how the model simultaneously determines pik, defined as the posterior probability that brand i is a member of the kth cluster or segment, conditioned on the parameter estimates described above. We assign each brand to the cluster that yields the highest value of pjik.
Empirical Results
The DeSarbo and Cron (1988) procedure was applied to this dataset for K = 1 to 5 clusters. Table 5 presents the associated goodness-of-fit statistics associated with this methodology. In trying to select the most suitable value of K, we rely on two popular criteria, AIC and CAIC (see, for example, Ramaswamy et al., 1993) . The K = 3 solution is best, since it offers the minimum values for both AIC and CAIC. Therefore, we select the three-segment solution. This shows that brands are heterogeneous with regard to the association between the marketing mix variables and SCR and supports the use of a latent structure model. Columns two through four of Table 4 presents the estimated values of X,, Fiji, and 0: for this K = 3 solution. Before discussing the results, it is important to note that we are not making any cuusul inferences; the evidence we have is strictly associational. Overall, most of the coefficients appear to be fairly consistent across the clusters. Perhaps the biggest surprise is the consistently strong negative relationship between PRICE and SCR, meaning that, all else being equal, lower-priced brands have higher SCR levels. This is in line with the asymmetric switching argument mentioned earlier: consumers who normally purchase low-priced brands will occasionally switch to a high-priced brand (thereby pulling down its SCR level), but not vice-versa.
Consumer use of retail promotion appears to be unrelated to SCR in all three segments. Perhaps the conflicting arguments discussed earlier simply cancel each other out. This negligible relationship may be a result of the high levels of promotion use shown in Table 2 . Frequent dealing may encourage consumers to anticipate promotion timing and thus alter their purchase timing and quantities accordingly (Krishna, 1991) . This in turn may reduce the incentive to switch to other brand's promotions.
In contrast, the negative relationship between the depth of promotional price cuts and SCR is strongly supported. Even if retail promotions in general have little association with SCR, deep price cuts clearly have an effect. It is difficult for a brand to "lock in" loyal buyers through the use of extravagant price promotions.
The relationship between PACV and SCR is positive in all three cases, but the coefficient in cluster 1 is conspicuously insignificant. We believe this is due to the confounding effects of regional brands, as discussed earlier. In any event, the consistently positive pattern seen for PACV decisively underscores the important-but often unappreciated-role that availability plays in brand loyalty.
Finally, given that the variables are all standardized and thus comparable across categories, the intercepts render some information as to each segment's mean value of SCR, adjusted for the marketing mix effects. In other words, the intercepts for the three different clusters convey, in a relative sense, the levels of base loyalty that brands in the different clusters enjoy. Base loyul~ refers to each segment's SCR if the marketing mix variables are fixed at the mean levels for each category. Qualitatively, we label clusters 1, 2, and 3 as high-, medium-, and low-loyalty clusters, respectively. These differences in segment-level intercepts, which connote the differences in the underlying loyalty levels of the brands, are clearly the most striking feature seen across the three sets of estimated regression coefficients.
Given that most of the variation across the clusters seems to be attributable to the intercepts, there are two natural follow-up questions: (1) whether the existing latent class model performs significantly better than an analogous model with intercept terms only and (2) whether the existing latent class model performs any better compared to a model that allowed heterogeneity in the intercept terms but constrained the marketing mix coefficients to be homogeneous across the clusters. Table 6 gives the results of these analyses. We observe that the existing latent class model (model 1) outperforms both competing models, as judged by the standard likelihood-based statistics. In practical terms, however, the improvement in performance is modest at best; we observe that in terms of likelihood points, the full model improves on the intercepts-only model by a mere 6.7 percent. Taken together, these results have two contrasting implications. First, we confirm that the relationship between the marketing mix variables and SCR is heterogeneous in nature. Second, and perhaps more important, we observe that, although marketing mix variables are associated with SCR, the overall magnitude of these associations is small.
It is instructive to consider several possible reasons that may explain all or part of this apparent contradiction. We offer three qualitative arguments: l Household heterogeneity: As discussed in Section 3, one can envision conflicting relationships between SCR and several marketing mix elements, such as price. It could well be the case that, for a particular brand, this link is positive for some households but negative for others. In the aggregate, these counterbalancing forces might cancel out to some extent, thereby limiting the apparent impact of one or more variables. Furthermore, heterogeneity within the household (different tastes or shopping habits by different members of the household) may contribute even further to this reduction in marketing mix impact.
l Cancellation acroxs marketing mix elements: Our latent structure regression results in Table 4 , combined with the correlation matrix (Table 3) , suggest a subtle but potentially powerful mitigating factor-pairwise cancellation of marketing mix effects. For instance, price and price cut each has a consistently negative (and significant) impact on SCR, according to Table 4 . Yet the two also share a negative pairwise correlation, which might lessen the individual contaminating effects that each variable might have by itself. This same type of pattern is true for several other relevant pairs of marketing mix variables used here (such as price and ACV distribution). Of course, some of the regression coefficients or correlations are rather small in magnitude, but the number of pairs with some degree of cancellation is still quite noteworthy. Limited impact of marketing mix: A less subtle-and potentially more controversialexplanation is that the overall impact of the marketing mix on brand choice may be considerably smaller than most people expect it to be. Consistent evidence for this possibility can be seen in choice models dating back to Guadagni and Little (1983) , who produced the first of many logit models in which the variables accounting for cross-sectional heterogeneity were far more influential than any marketing mix element. This observation is also consistent with the work of researchers such as Andrew Ehrenberg, who believe that many marketing mix effects merely show up as short-term blips that do not affect a share-based measure such as SCR to any large extent (see Ehrenberg, Hammond, and Goodhardt, 1994) .
Given the type of data we have available to us in this study, it is impossible to formally test or disentangle these various explanations. We leave it as a vital future research direction to better understand the drivers for the surprising phenomenon at the heart of this paper.
Conclusion
with increasing competition, issues related to brand loyalty are assuming greater importance with marketers. This study has been an effort to obtain answers to some questions of interest in this area. We have concentrated on a single measure of brand loyalty-share of category requirements, which is used by many marketing managers. Although the issue of the relationship between the marketing mix and brand loyalty measures has been much discussed both in the popular press and in the academic literatures, our analysis with regard to SCR shows that the association between the marketing mix and SCR, although significant, is small in magnitude. We also established that the relationship between the marketing mix variables and SCR is heterogeneous in nature.
In coming to the above conclusion, we are not drawing any causal inferences about the relationship between SCR and the marketing mix; our analyses are strictly correlational in nature. Our particular model specification was chosen solely to investigate whether and how this purchase-based loyalty measure is related to a reasonable set of marketing mix variables. We are not suggesting that managers can definitively change a brand's SCR by manipulating the marketing mix in a certain manner. Furthermore, our research focused specifically on the relationship between SCR and the marketing mix, and the finding that the association between the marketing mix and SCR is modest does not in any way imply that SCR is the only measure of brand loyalty or that it is necessarily a flawless measure. A comprehensive assessment of SCR as a measure of brand loyalty is a worthwhile future research endeavor.
An important research direction that emerges from this analysis is a formal investigation of whether the marketing mix variables "contaminate" SCR. In other words, under the assumption that observed SCR is the resultant of underlying preference and the impact of marketing mix on brand choice, we need to investigate whether, despite the incidence of marketing-mix activity, the observed SCR levels continue to be indicative of brands' underlying preference levels. Longitudinal analysis can be conducted in a time-series context, to observe whether changes in the values of marketing-mix activities are systematically related to changes in SCR levels.
1. For example, the NPD Group refers to this measure as "Share of Requirements Satisfied." 2. Given the specific focus of our investigation, we shall not be reviewing the general brand loyalty literature. We recommend the interested reader to Jacoby and Chestnut (1978) for an excellent review. 3. For the ease of comparing the characteristics of the sample with those of the population, we present the actual (unstandardized) mean values of the different variables in Table 2 . However, given that our data spans across 120 different product categories, we use standardized values for model estimation.
